In this paper, a simple-implemented and reliable AC-DC optimal power flow (OPF) is proposed. Although high-voltage direct current (HVDC) transmission lines are being increasingly used in power systems, new optimization algorithms such as evolutionary and memetic algorithms, which never stick in local minimum, so far have not been implemented in the AC-DC OPF problem. An evolutionary algorithm known as the shuffled frog leaping algorithm (SFLA) is proposed in this paper to solve the OPF dispatch in an AC-DC power system (including both high-voltage alternating current and HVDC transmission lines). The implementation of the AC-DC OPF with these kinds of methods is much simpler than that of traditional (numerical) algorithms. In order to prove the quality of the SFLA, the proposed method is applied to 2 case studies, including the Western System Coordinating Council 9-bus and IEEE 30-bus power systems, and compared with the conventional particle swarm optimization (PSO) algorithm and 3 of its modified versions, while the constraints are all satisfied. The results of comparison indicate that the SFLA is a reliable and fast optimization method with higher quality solutions among the other applied algorithms.
Introduction
In recent decades, electric power systems have significantly increased around the world. Growing power consumption, long-distance transmission, submarine or underground transmission, and interconnection between countries or regions with different frequency power systems have led many countries to consider the high-voltage direct current (HVDC) transmission system as a solution to use the existing power transmission system more efficiently and satisfy the surge in energy demand. The economics of bulk power transmission by underground equipment is growing in favor of direct current [1] . Moreover, many developing countries have the problem of fundamental investment in transmission and distribution systems due to inadequate investment in the past. One solution to reduce the gap between the transmission capacity and power demand is employing HVDC transmission systems in the existing AC network to achieve an economic benefit from the investment [2] .
Although the main reason for selecting HVDC transmission lines is often economic, there are some other reasons as well. HVDC may be the most feasible way to interconnect 2 asynchronous networks, reduce fault currents, employ long underground cable circuits, eliminate network congestion and distortion transmit restriction in interconnected systems, control the power line flow, and mitigate environmental concerns. In all of these applications, HVDC nicely complements the AC transmission system [3, 4] .
Because of the mentioned reasons, HVDC transmission systems have been used in many countries around the world for different purposes since 1954 [5] .
With the expansion of HVDC transmission systems in power networks, it is necessary to study the effect of these systems on power network operation. Researchers have provided various HVDC models for different purposes such as power flow studies [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] .
Although many optimal power flow (OPF) and optimal reactive power flow studies have been performed on AC systems with various methods including traditional and evolutionary methods [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] , little effort has been spent on AC-DC systems in which all of them use numerical methods for solving the problem [1, 2, 5, [29] [30] [31] [32] . On the other hand, the implementation of AC-DC OPF with numerical methods is difficult and complicated. Thus, in this paper, some evolutionary methods are chosen for solving AC-DC OPF dispatch and compared with each other. These evolutionary methods include the particle swarm optimization (PSO) algorithm, which was discussed in [33] , and some of its modified versions and the SFLA, which is presented later in this paper.
Thus far, nonlinear equations of the AC-DC OPF problem have been solved using conventional methods such as the quadratic programming technique and Newton's method [5, 30] . These classical optimization methods are limited to differentiable, convex, and continues algebraic objective functions and constraints and may depend on the specific objective function and/or constraints [34] . Furthermore, these methods need a lot of additional mathematical calculations and become more unreliable by increasing the complexity of the objective function. Moreover, the implementation of these methods for big objective functions with a lot of nonlinear constraints, such as OPF and AC-DC OPF, is very difficult. Recently, a new branch of optimization methods known as evolutionary algorithms was developed and employed in many engineering applications [35] [36] [37] . These algorithms do not require any specific initial guess and can deal with complex objective functions and constraints, and the implementation of these methods is very simple. However, to the best of the authors' knowledge, these optimization algorithms have not been applied in the AC-DC OPF problem.
In this paper, a new solution for the AC-DC OPF problem, known as the shuffled frog leaping algorithm (SFLA), is proposed. SFLA is a meta-heuristic optimization method based on observing and modeling the behavior of frogs. SFLA combines the benefits of genetic-based memetic algorithms (MAs) and the social behavior-based PSO algorithm [38, 39] . This method is faster than the PSO method and its modified versions and has the best results among other methods discussed in this paper. Aside from the good results and high speed of this method in finding optimum answers, the implementation of this method to AC-DC OPF and even to any objective function is easier than numerical methods.
The rest of this paper is organized as follows: Section 2 describes the problem formulation and HVDC model in the OPF problem. Four versions of the PSO algorithm are explained briefly and the SFLA is presented in detail in Section 3. A case study is applied to the Western System Coordinating Council (WSCC) 9-bus and IEEE 30-bus power test systems in Section 4. Finally, Section 5 contains the conclusion.
Problem formulation

Optimal power flow
The OPF problem can be mathematically written as [30] :
S.T. h(x)
where f (x) is the objective function that must be minimized. Various objective functions such as the fuel cost, active losses, voltage deviation, system stability, and control effort can be considered in the OPF problem.
x is the vector of the state variables of the system. h(x) consists of the equality constraint of the system and is always active during the optimization process [30] . g(x) consists of inequality constraints (nonlinear constraints), such as the thermal limit of the lines, and active and reactive power generation. x max and x min are the upper and lower bounds of the state variable, respectively.
AC-DC systems consist of both the AC equipment and converters, which may include HVDC transmission systems. Hence, both AC and DC systems must be modeled in the AC-DC OPF problem. Figure 1 represents a power system bus that includes a generator, load, shunt compensation, HVDC, and AC transmission line. The injected active and reactive power in this bus can be expressed as follows:
AC system equations in load flow problem
For AC systems, active and reactive power injection in bus k can be written as:
These nonlinear equations, which are known as power balance equations, are load flow equations and must be solved by iterative methods such as Newton-Raphson and Gauss-Seidel. By solving these equations, the voltage magnitude and angle, as well as the active and reactive power of the slack bus generator, are obtained.
The state variables in AC systems are V and δ , and constraints are applied to the voltage magnitude, and active and reactive power capacities of the generators and thermal limits of the transmission lines.
DC system equations in load flow problem
An equivalent circuit for the converter in bus k is shown in Figure 2 . Figure 2 . Equivalent circuit for the converter [30] .
In this equivalent circuit, the angle of the converter's input current is considered 0. Variables are as follows [40] : 
Index r is used to denote the rectifier operation and index i is used to denote the inverter operation of the converters. To linearize the equations and consequently improve the convergence, cos( α) and cos( γ) are used as variables rather than α and γ [40] .
To calculate these 9 variables, 9 independent equations are required. The rectifier's equations are summarized as follows [40] : 
k 1 is defined as follows:
where k is used to consider the effect of the overlap and ripples in the DC current and the value of 0.995 is used in load flow studies [41] .
The inverter's equations are summarized as follows [40] : 
These equations are explained in the Appendix. There are some controlling modes for each converter in the literature. In OPF studies, the controlling mode of the HVDC line can be considered fixed or as an optimization variable [30] . In this paper, these 2 cases are discussed and for the fixed controlling mode the controlling modes for the rectifier are a fixed current as R There are 2 methods for the AC-DC load flow. These 2 methods are known as the unified and sequential methods. In the unified method, all of the parameters are updated simultaneously in each iteration, while in the sequential method, the AC and DC equations are solved separately in each iteration. In this paper, the sequential method is employed due to its simple implementation and fast convergence [6] [7] [11] [12] [13] [14] [15] [16] [17] . Figure 3 shows the flowchart of the sequential AC-DC load flow.
The initial guesses for the AC system are:
The voltage amplitude of the PQ busses is considered as 1 pu and the voltage angle of all of the busses is considered 0.
For the DC system, the initial guesses are as follows:
The power factor of converters is usually considered as 0.9 [17, 40] . From a network point of view, the rectifier consumes active power and the inverter generates it. Thus, the initial guesses can be considered as:
The ignition and extinction angles are usually assumed to be 150 and 21.50, respectively. These values are prepared for 5 < α min <7 and 15 < γ min <18 [17, 40] . The initial guess for the converter tap ratio is 1.
The other DC parameters can be determined according to these initial guesses. Using Eq. (10) and the specific values of V term−r , θ r , and a r , the V dr can be determined. By substituting V dr in Eq. (11) and the specific value of the extinction angle of the inverter, V di can be determined. I d is calculated using Eq. (12) and by substituting V di in Eq. (17), cos( γ) is obtained. Using Eqs. (22)- (25), P d and Q d can be calculated. or
or
The constraints of the HVDC transmission line can be applied to the tap ratio of the converter transformer, ignition and extinction angle of the converters, DC voltage of the converters, DC current, and active power and reactive power of the converters.
HVDC model in OPF problem
To date, all AC-DC OPF research has used traditional methods, which have some problems such as: 1) the need for initial guesses; 2) additional mathematical calculations, such as the gradient differential; 3) dependence on the initial guesses and the shape of objective function; 4) sticking in local minimum; and 5) difficult implementation.
Due to the above reasons, in this paper, some evolutionary methods are proposed to solve the AC-DC OPF problem. Considering the AC-DC load flow, which was introduced in the previous section, implementation of the OPF with the SFLA is very simple. The iterative process for the AC-DC OPF is as follows:
Step 1: Generate randomly the population of the state variables in a defined range.
Step 2: Put each set of variables in the AC-DC load flow and calculate the bus voltage and power line flow.
Step 3: Check the constraints.
Step 4: Check the convergence criteria.
Step 5: Change the state variables to converge to the better results considering the evolutionary method.
In the first step, a population of variables is generated randomly in a defined range. In step 2, each set of variables is put in the load flow program. Some constraints, such as the reactive power generation limit and tap ratio limit, are checked in the load flow program. Other constraints, such as the power line flow limit and voltage amplitude limit are checked after convergence in the load flow. If there are any violations in these kinds of constraints, a big penalty coefficient is added to the objective function. The variables then change by the evolutionary method to improve the results. When the convergence criterion is satisfied, the AC-DC OPF is finished.
In the proposed method, no Lagrangian function is needed. There are no additional mathematical calculations or hessian matrix. The handling limits in both the AC system and DC system are very easy and do not need any definition of new variables. The results of this method are also better than traditional methods and more reliable.
SFLA
Before introducing the SFLA, the PSO algorithm and 3 of its modified versions are explained briefly.
PSO is a population-based stochastic search algorithm that was first introduced by Kennedy and Eberhart [42] . Since then, it has been greatly used to solve a wide range of optimization problems in different aspects [43, 44] . The algorithm simulates the natural behavior of some animals such as insects or birds in finding food sources. Preceding the algorithm is the definition of a random population, which is called a swarm, and each member of this swarm is called a particle. Each particle in PSO flies through the search space and remembers the best position it has seen. All of the members of a swarm share their information about good positions and dynamically adjust their own position and velocity based on these good positions. The velocity adjustment is based on the historical behaviors of the particles themselves as well as their neighbors. Hence, the particles tend to fly towards better and better search areas over the searching process. Mathematically, the particles are operated according to the following equation:
where t denotes the current iteration number; ω is called the inertia weight; c 1 and c 2 are the weighting factors of the stochastic acceleration terms, which pull each particle towards the P besti and G best positions; rand 1 (·) and rand 2 (·) are 2 random functions in the range of [0,1]; P best i is the best previous experience of the i th particle that is recorded; and G best is the best particle among the entire population.
In basic PSO or conventional PSO (C-PSO) the coefficients w , c 1 , and c 2 are considered 1, 2, and 2, respectively. However, in some modified versions, different coefficients are used to obtain better results. One of these modified versions is called inertia constant PSO (IC-PSO) with 0.7298 for w and 2.01 for c 1 and c 2 .
The other version is linearly decreasing inertia PSO (LDI-PSO), in which the coefficients are defined as w = 0.4-0.9 and c 1 = c 2 = 2. The other version of PSO, which is used in this paper, is Type 1 PSO (T1-PSO) and the coefficients for this version are defined as w = 0.729 and c 1 = c 2 = 1.4944.
Conventional SFLA
The SFLA was originally developed as a population-based metaheuristic to perform an informed heuristic search using mathematical functions to find a solution of a combinatorial optimization problem [45] . It combines the benefits of both the genetic-based MA and the social behavior-based PSO algorithm [46] .
In SFLA, there is a population of possible solutions defined by a set of frogs that is divided into subgroups called memeplexes, each performing a local search. After a defined number of memetic evolution steps, ideas are passed among memeplexes in a shuffling process. The local search and the shuffling process continue until the defined convergence criteria are satisfied [46] . At first, an initial population of P frogs is created randomly within the feasible space. For an S variable problem, the i th frog is represented as X i = (x i1 , x i2 , . . . , x iS ) . Next, the frogs are sorted in descending order according to their fitness. Next, the whole of population (P) is separated into m memeplexes, each containing n frogs. In this procedure, the 1st frog moves to the 1st memeplex, the 2nd frog moves to the 2nd memeplex, frog m moves to the m th memeplex, and frog m + 1 goes back to the 1st memeplex, etc.
Within each memeplex, the position of the frogs with the best and worst fitnesses is determined as X b and X w , respectively. Moreover, the position of the frog with the global best fitness is determined as X g . Next, in each memeplex, a process is applied to improve only the frog with the worst fitness (not all frogs) in each cycle as follows: (29) where Rand() is a random number between 0 and 1. If this process generates a better solution, the worst frog will be replaced. Otherwise, the calculations in Eqs. (28) and (29) are repeated with the replacement of Xb by Xg. If no improvement becomes possible in this case, then a new solution is randomly generated within the feasible space to replace the worst frog. Next, the calculations continue for a specific number of iterations [46] . Figure 4 shows the main idea of this algorithm. After a prespecified number of memetic evolutionary steps within each memeplex, to ensure global exploration, ideas passed within memeplexes are combined in the shuffling process [45] . The local search and the shuffling continue until the convergence criteria are satisfied. Figure 5 illustrates the SFLA.
Improvement of conventional the SFLA
In this section, the presented classic SFLA is improved. As Eqs. (28) and (29) represent, the worst frog tries to find a better place by jumping toward the best frog, but as the random operator is within 0 and 1, only the space between the 2 frogs is searched. However, as the space beyond the best frog (the other side of the best frog) might be a suitable place of solution, there should be a possibility so that the frog could search that area as well. Thus, the random operator is adjusted to rand (1, 1.75) in order to provide a chance to search the other side of the best frog, where 1.75 is chosen according to the authors' experiences in different problems.
The other difference of the improved (ISFLA) from the conventional one is that in the conventional SFLA, all of the elements of Xb-Xw in Eq. (28) are multiplied in the same random value. In the ISFLA, for each element of Xb-Xw, a random value is generated and multiplied in Eq. (28) . It should be noted that the ISFLA will be SFLA in the results of this paper.
Case study
In this section, the OPF is studied on 2 test systems including the WSCC 9-bus and IEEE 30-bus [47] and compared with the conventional PSO algorithm and 3 of its modified versions, as the well-known popular evolutionary algorithm. The cost function of the generators for these systems is given in the appendix.
The AC-DC OPF has also been implemented for 2 cases: Case 1: OPF for a fixed HVDC controlling mode Case 2: OPF with optimization of the HVDC controlling mode, known as full AC-DC OPF.
Parameter setting
The evolutionary algorithms that are applied for comparison with the conventional SFLA are the C-PSO, IC-PSO, LDI-PSO, and T1-PSO [38, 39] . The maximum number of iterations for all of the algorithms is set to 100. In the SFLA, the number of iterations for each memeplex is set to 8. (13) and (14) Apply equat ons (13) and (14) For each algorithm, 20 independent trials are made. The population size (number of particles of different types of PSO), the number of memeplexes in the SFLA, and the number of frogs in each memeplex are, respectively, set as: 100, 7, and 15. All of the algorithms are implemented in MATLAB 7.6 and the simulation is run on a Pentium IV E5200 PC with 2 GB of RAM.
Case 1:
WSCC 9-bus power system
The WSCC 9-bus test system is modified for the incorporation of a HVDC link between buses 7 and 8, as shown in Figure 6 .
The transmission line data for the WSCC 9-bus test system are listed on Table 1 . For Case 1, the HVDC characteristic and fixed controlling modes are given in Table 2 . With regard to the randomness of the heuristic algorithms, the results of the methods change roughly around the optimum point in different runs. In order to prove if the algorithm is robust, many trials with different initializations should be made. In this paper, 20 independent runs are implemented for each method and a comparison of the performance of the employed algorithms after these 20 independent runs is shown in Table 3 . The mean value presented in Table 3 is the average value of all 20 answers and the best and worse values indicate the best and worse results among the 20 answers, which are obtained in 20 independent runs. As one can see, the best results for the mean, best, and worse answers are obtained by the SFLA. It also is the fastest method among these 5 algorithms. The convergence characteristic of 5 methods for the OPF with a fixed controlling mode is shown in Figure 7 . The behavior of different methods in finding the best point is shown by different line styles. Figure 7 illustrates that the SFLA not only gets the lowest points compared to the other methods but also reaches it at a lower iteration.
IEEE 30-bus power system
In the IEEE 30-bus test system, there are 2 HVDC links, which are connected between buses 2 and 6, and 8 and 28. The characteristics of the HVDC link in the IEEE 30-bus test system are listed in Table 4 .
'HVDC-No' denotes the HVDC number, 'CR' denotes the commutation reactance, 'DC-R' denotes DC link resistance, and the controlling mode is the inverter voltage and DC current constant at a specific value. The statistical data for this system are given in Table 5 , which depicts that in this system the SFLA has the best results and fast convergence.
Case 2
In Case 2, the controlling mode of the HVDC is considered as optimization variables next to the generation values. The HVDC data for the mentioned test systems are given in Tables 6 and 7 . The PSO methods and SFLA are run 20 times and the mean value of the fuel cost and calculation time is given in Table 8 . The convergence characteristic for the full AC-DC OPF (Case 2) is shown in Figure 8 . The results in Table 5 and the behavior of the methods, which is shown in Figure 8 , reveal that the best results with the fast convergence are achieved by the SFLA. 
Conclusion
An evolutionary algorithm optimization approach known as the SFLA is presented, improved, and applied in the AC-DC OPF problem to determine the optimal generation values in 2 case studies. The simple implementation, high quality results, and high speed in finding the optimum results are the main reasons for choosing the SFLA for solving the AC-DC OPF problem. To compare the performances of the SFLA with 4 versions of the PSO algorithm, the AC-DC OPF is applied to 2 different test systems (WSCC 9-bus and IEEE 30-bus power systems). The AC-DC OPF is run in 2 strategies. At first the HVDC parameters are considered fixed and in the second strategy the HVDC parameters are optimized during the optimization proceeding. Tables 3, 5, andThe Tables A.1 and A.2 show the generation data of the WSCC 9-bus and IEEE 30-bus test systems, respectively.
For the calculation of 9 variables in the HVDC lines, 9 independent equations are needed. Each converter has 5 equations and in total there are 10 equations for an HVDC transmission line. Regarding a common equation between 2 converters in each HVDC line, there are 9 independent equations that can calculate the 9 variables. The equations for each converter are as follows:
The relation between the DC and AC voltages of the bus to which the converter is connected can be shown as follows:
Considering the lossless transformer, the following equation illustrates the exchange power of the converters:
On the other hand, the primary current of transformer relates to the DC current as follows:
From these 2 foregoing equations, it can be written:
The following equation is obtained using KVL in the HVDC line:
Thus, to date, there are 3 independent equations for each converter and 2 more equations are needed. Inequality constraint µ Membership function of the optimal decision function Rand(a,b) The function producing random numbers between a and b
